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Online review is widely used in online markets to helps customers make their purchase 
decisions. The rapidly growing volume of reviews brought a challenge for businesses to 
analyze their content and provide the most helpful reviews to their customers. Using data 
from online book reviews at Amazon.com, I build predictive models using readability, 
review rating and reviewer features. I find that rating and readability do not have a direct 
significant impact on review helpfulness. However, reviewer information does have 
direct impact on review helpfulness. This suggests that reviews from reviewers who 
wrote helpful reviews in the past are more likely to be helpful to other customers. Based 
on these findings, online marketers could predict review helpfulness and rank reviews, 
which could benefit both vendors and consumers. 
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1. Introduction 
With the rapid development of the Internet, online customer reviews, a form of 
electronic word of mouth (eWOM), have become an important part of online markets that 
provides a wealth of information. Reviewers share their experience through reviews and 
consumers look for detailed information from these reviews. This consumer-oriented 
information provides indirect experience of products, which have greater credibility and 
relevance compared to information provided by sellers (Park & Lee, 2007).  
However, not all reviews have same effect on consumers. Reviews that are 
considered more helpful by consumers have stronger effect on their purchase decisions 
than other reviews (Baek, Ahn & Choi, 2012). It is important for online marketers to lead 
reviewers to write more helpful reviews and provide their customers with most helpful 
reviews by figuring out what factors determine the helpfulness of online reviews. Though 
most sites that provide consumer reviews also provide helpfulness information like the 
total helpful votes received by the review, reviews published earlier tend to have higher 
helpful votes than recent published reviews even when they are less helpful. It is 
beneficial for marketers and customers to analyze factors affect review helpfulness and 
be able to predict review helpfulness when it is published. 
Past researches have studied factors that affect the helpfulness of online customer 
reviews. Huang, Chen, Yen & Tran (2015) found that word count could affect the 
helpfulness of reviews by all reviewers and reviewer cumulative helpfulness affect the 
helpfulness of reviews by top ranked reviewers . Baek et al. (2012) found that both 
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peripheral cues, including review rating and reviewers' credibility, and central cues, such 
as the content of reviews, influence the helpfulness of reviews. Mudambi and Schuff 
(2010) found that review depth has a positive effect on the helpfulness of the review, but 
the product type (search or experience) moderates the effect of review depth on the 
helpfulness of the review. These studies show many factors and their effect on review 
helpfulness for different products. 
The objective of this research is to find out the factors that predict the helpfulness 
of online customer reviews and which factors are more effective in review helpfulness 
prediction. For my research, I use the book review dataset from Amazon.com as the 
dataset. All reviews in the dataset are classified into helpful and unhelpful group based on 
their helpfulness score. Predictive models are created using features about the review 
readability, ratings and reviewer information to answer the following research questions:  
RQ1: How do features associated with readability contribute to predictions of review 
helpfulness? 
RQ2: How do review content contribute to predictions of review helpfulness? 
RQ3: How do the reviewer information contribute to predictions of review helpfulness? 
The remainder of my paper is organized as follows. The second section is the 
literature review that presents former researches about potential factors that affects the 
helpfulness of online reviews. The third section describes the research methodology, 
including my data collection, feature selection, and feature generation. The fourth section 
shows the results of my models using book reviews data from Amazon.com. The fifth 
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explains the results from my predictive models and the effectiveness of the factors. 
Finally, the sixth section summarizes the research and presents the contributions, 
limitations, and future steps of this research.
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2. Literature Review 
2.1 Online customer reviews and review helpfulness 
Online customer review, a form of electronic word of mouth (eWOM), is product 
review that generated by consumer and provided in addition to the product description or 
personalized recommendation system. It usually provides customers the opportunity to 
evaluate the product in textual comments and numerical rating. Online customer reviews 
are becoming widely used on various types of sites and have become a more and more 
important source of information that helps customers make their purchase decisions. The 
effects of online customer reviews have been studied from many different aspects.  
Park and Lee (2008) found that online customer reviews provide indirect 
experience of products, which have greater credibility and relevance than information 
provided by sellers. In terms of the effects of information provided from seller and 
customer, Bickart and Schindler (2001) compared the influence of marketer-generated 
online information with consumer-generated online discussions, and found that 
consumers are more interested in product topics when they acquired information from 
online customers. Kumar and Benbasat (2006) also found that the provision of 
recommendation and consumer reviews could increase both the usefulness and social 
presence of the website. With this in mind, online customer reviews can provide 
customers additional information with more credibility from consumers’ perspective and 
are more influential in helping customers making their purchase decision
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Online customer reviews also have impacts on product sales. Chen, Wu and Yoon 
(2004) discussed the impacts of online recommendations and consumer feedbacks on 
book sales based on data gathered from Amazon.com. Their results indicate that 
consumer ratings are not related to sales but the number of consumer reviews and 
recommendations are positively associated with sales. Ghose and Ipeirotis (2011) 
examined the influence of online review’s content subjectivity with product sales and 
perceived usefulness. The result shows that reviews with a mixture of objective and 
highly subjective sentences are negatively associated with product sales compared to 
reviews that tend to include only subjective or objective information. From the findings, 
we can hypothesize that by discovering the most influential components of online 
customers reviews, seller can encourage more valuable reviews to help consumers’ 
decision making process and increase their own product sales. 
Review helpfulness is commonly used as the primary way to measure how 
consumers evaluate a review. Not all reviews have the same effect on consumer’s 
purchase decisions and the growing amount of reviews makes it difficult for consumers 
to find the most helpful reviews. Most sites that provide consumer reviews also provide 
helpfulness information beside the review. Reviews are often allowed to be rated 
‘helpful’ or ‘not helpful’ in online reviews by other customers in order to maintain their 
values (Beak, Ahn & Choi, 2012). For example, under every review in Amazon.com, 
customers can vote for it if they think the review is helpful. They can also see how many 
other customers found the review helpful. In Yelp.com, customers can also vote for a 
review if they think it’s funny or cool, as well as helpful. Example reviews on Amazon 
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and Yelp are shown below.
 
Fig 1. Customer Review on Amazon 
 
Fig 2. Customer Review on Yelp 
Chen and Dhanasobhon (2008) built multiple models using different features and 
assessed their relationship to product sales. They found that reviews that are considered 
more helpful by customers have stronger effects on their purchase decisions than other 
reviews. Lee and Choeh (2018) built regression models to examine the interactive impact 
of online word-of-mouth and review helpfulness on ticket sales. They found that when 
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the helpfulness of reviews is high, number of reviews and review length are associated 
with the box office of movie. Sites containing more helpful reviews are more likely to 
attract buyers and consumers seeking information, and length of helpful reviews improve 
the value of business sites. Chen and Huang (2013) found that reviews that have a higher 
number of helpfulness votes tended to have a higher correlation with sales. These 
research above shows that it is important for sellers to lead reviewers to write more 
helpful product reviews, and for consumers to find helpful reviews more easily by 
figuring out what factors could determine the helpfulness of online reviews. 
A helpfulness score can be assigned to each review by calculating the percentage 
of helpful votes among all votes. This rating system gives a certain degree of review 
quality evaluation and sites could position the review with most helpful votes to higher 
ranks on the product information page. This allows consumers to find more helpful 
reviews quickly, consumers can also sort reviews by their helpfulness, ratings or 
publication date. Reviews that are published more recently are considered more helpful 
than older reviews in general as they provide more up-to-date information about the 
product. However, an older review tends to have a larger number of helpful votes than a 
review published earlier. Ghose and Ipeirotis (2011) found that the helpful votes are not a 
useful feature for ranking recent reviews as the helpful votes can accumulate over a long 
period of time, and hence cannot be used for review placement in a short-term time 
frame. Thus, a helpfulness score is a better feature to represent the helpfulness of a 
review than the helpfulness votes. 
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2.2 Readability 
Review readability, or the level of cognitive effort required to understand the text, 
has impact on the helpfulness of reviews (Korfiatis et al., 2008). Consumers generally 
would consider a review helpful only if they have been able to comprehend the text 
appropriately. Therefore, if a review has better readability, consumers are able to 
understand it more easily. However, Hu et al. (2012) discovered that if a review is too 
easy to comprehend, it may increase the chances of reviews being fake, as deceptive 
reviewers may intentionally make reviews simple to catch more attention.  
The features used to predict readability in the literature are largely consistent with 
each other. Liu et al. (2004) divided the features they considered to predict readability 
into semantic and syntactic categories, exploring both the words and structures of 
sentences. Syntactic features include sentence length, average number of characters per 
word, average number of syllables per word, percentage of various part-of-speech tags 
and various readability indices such as SMOG (Mc Laughlin, 1969) and FOG (Gunning, 
1969). Longer sentence length, higher average number of characters or syllables per word 
would decrease the readability of the content. Semantic features include the frequency of 
numerous 1-, 2-, 3-word sentences in a review. They used supported vector machines and 
conducted 5-fold cross validation using feature from the combination of two categories. 
Huang and Chen (2015) used both quantitative and qualitative factors to predict online 
review helpfulness. They found that quantitative data like word count has a threshold in 
predicting review helpfulness. When a review has word count less than 144, the word 
count can be used to predict review helpfulness, and review helpfulness increases when 
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word count gets larger. However, the word count stops being a significant predictor after 
it exceeds the threshold. 
Hu and Bose (2012) used the Automated Readability Index (ARI) to ascertain 
readers’ ability to comprehend text. The ARI evaluates the readability of a text by 
decomposing the text into its basic structural elements. Many researcher have used it to 
evaluate review’s readability (Hu, Koh & Liu, 2012; Krofiatis et al., 2012; Ghose & 
Ipeirotis, 2011; Chen, Wu & Yoon, 2004). When ARI gets higher, the readability of the 
content decreases. Korfiatis et al. (2012) used the Gunning-Fog Index (FOG), Flesch-
Kincaid Reading Ease (FRE), and Coleman-Liau Index (CLI), along with ARI to 
examine the effect of readability on review helpfulness. They found that review 
readability had a greater effect on the helpfulness ratio of a review than its length, and 
reviews with lower word length and higher readability scores from readability indices 
like ARI and CLI could provide consumers as much information as possible and were 
considered to be highly helpful. Ghose and Ipeirotis (2011) used average number of 
characters in each word and word count in reviews, along with ARI, CLI and FRE, and 
found that the improvement of readability has a positive and statistically significant 
impact on review helpfulness for audio-video products and DVDs. However, the 
directional impact is mixed across different product categories and readability is more 
effective in predicting “experience goods”. Experience goods are products that 
consumers have to consume or experience in order to determine its quality, such as 
movies. To summarize, several researchers have shown that readability is an important 
factor that could be evaluated through word count and readability indices to examine 
their effectiveness in predicting review helpfulness. 
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2.3 Review Rating 
Review extremity and rating are important factors for helpfulness prediction. 
Review extremity is calculated as the difference between review’s rating for the product 
and the average rating of all reviews on this product. Baek and Ahn (2012) used the 
inconsistency of the rating with existing reviews’ average rating for a certain product as a 
factor to predict a review’s helpfulness. They found that reviews with lower extremity 
values are more helpful to customers. Customers may judge the review whose rating is 
consistent with the average rating of all other reviews as the most reliable review, leading 
them to conclude that the review is helpful. Lee and Choeh (2018) found that review 
rating and review extremity are important determinates for review helpfulness for 
experience goods like movies. Consumers tend to find reviews with more extreme ratings 
more helpful, as these reviews usually provide strong arguments for the positive and 
negative parts of the movies and contain more useful information. In contrast, reviews 
with moderate ratings tended to exhibit complex information for both sides that fail to 
offer a clear explanation. 
Customer’s rating is a numerical score in the form of number or star that 
indicating the overall valence of the review. In the context of product reviews on 
Amazon.com, the star rating appears at the beginning of each review, and ranges from 1 
to 5 stars representing extreme disapproval to utmost appreciation (Wu, Van, & Korfiatis, 
2011). The relationship between review rating and helpfulness is not simply linear. 
Forman and Ghose (2008) found that reviews with moderate ratings are often perceived 
as less helpful than those with extreme ratings, as they provide strong arguments in favor 
or against the product to help other consumers make their decisions. Ghose and Ipeirotis 
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(2011) measured the effect of numeric review rating on review helpfulness and found that 
the effect was significant only on DVDs and were not useful while predicting reviews of 
digital cameras and audios. 
2.4 Reviewer Characteristics 
Baek and Ahn (2012) examined the impact of reviewer ranking and reviewer real 
name exposure on customer perceived helpfulness, and their results shows that whether 
reviewers provide their real name has no significant influence on their reviews’ 
helpfulness. However, if reviewers are ranked within Amazon’s top 10,000, their review 
helpfulness are higher than those without. Ghose and Ipeirotis (2011) also discussed the 
influence of reviewer characteristics and they collected more features for reviewers' rank. 
They examined the influence of five features about reviewers’ ranking on helpfulness: 
top 10, top 50, top 100, and top 500 reviewers from Amazon’s reviewer ranking. They 
also included more reviewer information, such as reviewer’ exposure of hobbies, 
birthday, location and interests on their profile page. 
Other research focused on factors regarding the reviewers’ contribution and 
impact. Huang and Chen (2015) discussed the impact of reviewers’ total number of 
reviews, total helpful votes, and cumulative helpfulness (ratio of total helpfulness votes to 
total votes received on all reviews) on review helpfulness, and found that cumulative 
helpfulness is the only significant predictor. Agnihotri (2016) also used reviewers' total 
number of reviews to predict review helpfulness. Lee and Choeh (2018) found that the 
helpfulness of reviewer are important determinate for review helpfulness. While Ghose 
and Ipeirotis (2011) used the average past review helpfulness instead of total helpfulness 
and found that the historical information about reviewers has a statistically significant 
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effect on the perceived helpfulness of reviews. However, they also found that the impact 
is quite mixed across different product categories, the impact was significant and 
statistical on reviews for audio-video and DVDs products but was not significant on 
digital cameras. 
2.5 Research Question 
The purpose of this research was to explore whether different groups of review 
features can predict the helpfulness of a review. I will experiment what features predict 
helpfulness of online customer reviews. More specifically, I will study three types of 
feature groups how they predict the review helpfulness. The research questions are listed 
below: 
RQ1: Do features associated with readability contribute to predictions of review 
helpfulness? 
RQ2: Does review content contribute to predictions of review helpfulness? 
RQ3: Does the reviewer information contribute to predictions of review 
helpfulness?
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3. Methods 
In order to answer the research questions, I used the Amazon AWS customer 
reviews dataset for books. The Amazon Simple Storage Service (Amazon S3) is an object 
storage service that offers industry-leading scalability, data availability, security, and 
performance1. Its customer reviews dataset contains over a hundred million reviews from 
millions of Amazon customers for over two decades since the first review in 19952. The 
dataset includes 46 different product categories such as books, music, furniture and so on. 
Each product category contains 14 different attributes: there are attributes regarding the 
product, such as ‘product_id’ which is unique for each product; attributes regarding the 
review, such as ‘review_body’ which is the review text; and attributes about the reviewer, 
such as ‘customer_id’ which is a random identifier that could be used to aggregate 
reviews written by a single author.  
I used the Amazon’s book review dataset. It contains 10,236,847 reviews from 
4,608,044 reviewers about 2,264,748 books. First, I selected reviews of books that had at 
least 20 reviews. Books with fewer reviews do not have enough customers to evaluate the 
reviews thus the number of total votes are usually very small and not meaningful. 
Salehan and Kim (2016) selected reviews of books with at least 100 reviews. In my 
dataset, there were only 5 books that had review numbers more than 100, so I selected 20 
as a more reasonable threshold for my dataset. Then I eliminated reviews that had less 
                                                 
1 https://aws.amazon.com/s3/ 
2 https://s3.amazonaws.com/amazon-reviews-pds/readme.html 
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than 5 total votes to ensure that there would be a significant number of peer rating votes 
accumulated for the review in my dataset (Ghose & Ipeirotis, 2011). The resulting dataset 
contains 2,433 reviews from 2243 customers about 69 books from May 2012 to August 
2015. 
The next step was to generate features from existing attributes of the dataset using 
Python.  
• For reviewer information, I accumulated the reviews by their ‘customer_id’ to 
generate the total number of reviews each reviewer wrote, and the total number of 
votes and helpful votes a reviewer got from other customers. From that, I 
calculated the average helpfulness score for each reviewer as the total number of 
helpful votes divided by the total number of votes, and the total number of 
reviews by the reviewer as the sum of all reviews from the same ‘customer_id’.  
• For readability, I used the review text to calculate the word count, the Automated 
Readability Index (ARI) and Coleman–Liau index (CLI) of each review. The ARI 
is calculated using the average number of characters per word and average 
number of words per sentence and the CLI is calculated using the average number 
of characters per 100 word and average number of sentences per 100 word. 
ARI = 4.71 * (characters / words) + 0.5 * (words / sentences) - 21.43 
CLI = 0.0588 * (characters * 100 / words) - 0.296 * (sentences * 100 / words) - 15.8. 
• For review extremity, I accumulated the reviews by their ‘product_id’ and 
calculated the product’s average rating. Then I assigned each review an extremity 
by calculating the difference between each review’s rating and the average rating 
the product gets.  
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For each review, I assigned a continuous helpfulness score which is calculated by 
the division of helpful votes and total votes the review received from other customers. 
For example, if a review received 10 votes in total and 7 of these votes voted helpful, 
then this review’s helpfulness score is 7/10. The formula is:  
Helpfulness Score = Number of Helpful Votes / Number of Total Votes 
In this research, I converted the continuous helpfulness score into binary for 
simplicity. This also allowed the results to be compared with other research using the 
regression models to see their similarity. I use a threshold value 0.6 to divide all reviews 
into two groups: helpful or not helpful. That is, a review is considered a helpful review if 
it gets more than 60% helpful votes. The threshold is chosen based on its use in past 
research studies. Ghose and Ipeirotis (2011) used two human coders to do a content 
analysis on a sample of 1,000 reviews randomly chosen and performed an ROC analysis 
to balance the false positive rate and the false negative rate. The precision and recall 
metrics show that when the helpfulness separation threshold is set at 0.6, the error rate in 
the classification is minimized. Hong (2012) and Krishnamoorthy (2015) also used the 
same threshold. Table 1 shows the descriptive statistics of the dataset. 
Features Min Max Mean SD 
Customer total reviews 1 569 16.051 48.224 
Review extremity 0 3.81 1.292 0.759 
Word count 1 6909 311.588 461.068 
ARI -11.51 35.14 7.668 4.239 
CLI -33.64 23.32 8.05 3.287 
Table 1. Descriptive Statistics for the data 
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• Customer total reviews shows the total number of reviews by a single reviewer;  
• Review extremity shows the difference between the review rating and the average 
rating from all reviews for this product;  
• Word count is the number of words in the review content.  
• ARI is a number that approximates the grade level needed to understand the text. 
Take the mean of ARI in my dataset as an example, reading level grade 8 
correspond to typical reading level of an eighth-grade US child who is about 14 
years old.3 
• CLI also estimates the years of education the reader needs to understand the text 
and a score of 8 is equal to eighth-grade in the US schooling system.  
To determine which group of features could predict the helpfulness of reviews, I 
built binary predictive models and ran several experiments using Weka.4 I performed a 
feature ablation study to compared the accuracy of naïve Bayes classifiers built using 
different feature groups, determined through ten-fold cross validation. The accuracy of 
each model was compared with the others: a significant decrease in accuracy compared to 
other models after removing a feature set indicate that the feature set is useful in 
predicting review helpfulness. Cross validation is a way of reducing variance in 
evaluation of the classier performances as we want to keep the variance as low as 
possible. With ten-fold cross validation, the dataset is divided into ten pieces. Then we 
take nine of the ten pieces for training and the last piece for testing. Then with the same 
division, we take another nine pieces for taring and the hold out piece for testing. The 
                                                 
3 Readability scores may be negative under some circumstances. For example, when a 
review has only 1 sentence with 40 words and 200 characters, the ARI = 4.71*(200/40) + 
0.5*(40/1) - 21.43 = -1.43 
4 https://www.cs.waikato.ac.nz/ml/weka/ 
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whole process repeats ten times using a different segment for testing each time, each 
record in the dataset is used once for the testing and nine times for training.  
Group Features Definition 
Reviewer Review total reviews The total number of reviews the reviewer authored 
Reviewer helpfulness Reviewers' average helpfulness for each review 
Readability Word count Number of words in a review 
ARI Automated Readability Index 
CLI Coleman-Liau Index 
Review Star rating The 1-5 star rating of the review 
Review Extremity Difference between review rating and the average 
rating of the product 
Helpfulness Review being helpful or not 
Table 2. Feature groups and definitions
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4. Results 
In my first experiment, I used all features that I had available to build the 
classifier. The resulting performance of the classifier was good, as seen in Table 3. While 
the dataset contained similar numbers of helpful and non-helpful reviews, the model 
performs better on predicting helpful reviews. The first model using all features provided 
a baseline accuracy: 70.847%, for further comparison of different feature group 
combinations. 
Review 
Helpfulness 
Number of 
reviews 
Percentage 
Baseline 
Precision Recall F-measure 
No 1234 50.7% 0.749 0.639 0.690 
Yes 1199 49.3% 0.678 0.780 0.725 
Table 3. Precision, Recall and F-measure of review helpfulness based on all features 
The next step was to examine the power of the different features that I have 
generated. As can be seen from Table 1, I had three broad feature categories: 1) reviewer 
features, that includes the reviewers' average helpfulness and total number of reviews, 2) 
review features, that includes the review extremity and rating, and 3) review readability 
features, that includes the review’s word count, ARI and CLI. To examine the importance 
of these feature groups, I built classifiers using subsets of them. The classifier using all 
features was used as the baseline to compare the difference. The classifiers were 
evaluated using the ten-fold cross validation as described above, the results showed the
accuracy and the area under the ROC curve (Ghose & Ipeirotis, 2011). Table 4 shows the 
results for each model.  
 20 
Features Accuracy AUC 
Baseline (All Features) 70.847% 0.767 
Reviewer 73.4786% 0.787 
Readability 57.5658% 0.624 
Review 56.1678% 0.579 
Reviewer + Readability 71.4638% 0.767 
Review + Readability 61.1431% 0.647 
Review + Reviewer 72.4095% 0.780 
Table 4. Accuracy and Area under the ROC Curve for the helpfulness classifiers 
I evaluated six subsets of dataset testing and combining different feature 
categories. One interesting thing to notice is that the classifier using only features 
regarding reviewers resulted in a higher accuracy and area under ROC curve compared to 
the classifier that used all available features. Features regarding readability and review 
performed poorly in predicting the helpfulness. Combining reviewer features with other 
two categories damaged the performance of only using the reviewer feature itself, while 
using review and readability features together improved the accuracy of the results. 
In order to explore further why features regarding readability and review were not 
very useful in predicting review helpfulness, I evaluated each feature and their 
combinations. The results showed that readability and review features were less 
predictive when used alone and combining different readability features could increase 
their performance. After separating the reviewer feature category, I found another 
interesting result, that the reviewers' average helpfulness from former reviews was the 
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most important predictor. The reviewers' total number of votes also performed poorly 
when predicting alone. 
Features Accuracy AUC 
Reviewers' Average 
Helpfulness 
73.3141% 0.793 
Reviewers' Total Number of 
Reviews 
53.4128% 0.558 
Word Count 55.551% 0.621 
ARI 54.8109% 0.564 
CLI 57.0724% 0.594 
Review Rating 50.2056% 0.519 
Review Extremity 55.2632% 0.585 
Table 5. Accuracy and Area under the ROC Curve for the helpfulness classifiers
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5. Discussion 
This paper proposed a new review helpfulness prediction model that makes use of 
three different categories of features: readability, reviewer, and review content features. 
The model was found to be quite effective in predicting the helpfulness of reviews with 
accuracy of over 73% on the Amazon book reviews dataset.  
The reviewer category features were found to be most effective in predicting 
review helpfulness and the model with best performance was using the reviewer feature 
group. The average helpfulness of the reviewers' past reviews was the most effective 
feature for predicting review helpfulness. Though the total number of reviews from the 
reviewer was not an effective predictor alone, combining it with the reviewer average 
helpfulness feature improved the model’s prediction performance. The finding shows that 
reviews written by reviewers who have received higher review helpfulness scores in the 
past are found to be more helpful by other customers. My findings about the reviewer 
features were similar to what Huang and Chen (2015) found about reviewer 
characteristics: the reviewers' cumulative helpfulness was the only reviewer characteristic 
that was a significant predictor of review helpfulness. I used the same definition as 
Huang and Chen, which defined the cumulative helpfulness as the total number of 
helpfulness votes divided by the total number of votes out of all reviews by the same 
reviewer. I found no significant relationship between the total number of reviews by the 
reviewer and review helpfulness, as did Huang and Chen. It means that reviewers who 
wrote more reviews did not necessarily write more helpful reviews, and a reviewers'
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review quantity did not correlate to the quality. In Amazon’s current reviewer ranking 
system, a reviewers' rank is determined by the reviewers' helpfulness and the number of 
reviews they have written, it is also stated that merely thousands of reviews that are not 
found helpful by customers won’t improve the reviewers' rank. The finding suggests that 
Amazon’s criteria could effectively measure a reviewers' contribution. 
The readability and review content features were not very effective in predicting 
the review helpfulness. Features from these categories didn’t have a significant impact on 
review helpfulness alone or together. Though Ghose and Ipeirotis (2011) found that an 
increase in the readability of reviews has a positive and statistical impact on review 
helpfulness for audio-video products and DVDs, they also discovered that the impact is 
quite mixed across different product categories. Huang and Chen (2015) found that the 
word count is not a significant predictor of review helpfulness for top ranked reviewers 
and word count could only predict review helpfulness when the word count was less than 
145 words. More than half of the reviews in my dataset have word counts greater than 
144, which could explain why word count was not found as a significant predictor in my 
results above.  
For review rating, the results show that for book reviews, customers do not judge 
the helpfulness of a review based on the rating of the review as the helpfulness score is 
unrelated to review rating. Review rating and review extremity features were not very 
effective in predicting review helpfulness and applying these features to the model did 
not increase its performance significantly. That can be explained by the fact that reviews 
with either high or low ratings can be helpful as long as they contain valuable 
information for other customers. The information could be a compliment of certain 
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contents of the book or reasons why a book is unsuitable for some customers. Korfiatis et 
al. (2012) found the connection between positive rating value with high helpfulness of a 
review, however, they also found that the results were significant only for reviews with 
ratings higher than three. One possible reason for the result is that customers react to 
positive and negative reviews differently and reviews’ rating cannot act as a good 
predictor for all types of reviews. Lee and Choeh (2018) found that review helpfulness is 
largely determined by reviewers' capability of writing helpful reviews, but review ratings 
do not influence the review helpfulness. My result indicated that reviewers tend to 
calibrate the review helpfulness based on their assessment of agreement between their 
own and the reviewers' taste and it had no significant connection with the ratings. Review 
extremity, or the inconsistency between the review’s rating with the product’s average 
rating was also not found to be predictive of perceived helpfulness. Customers do not rate 
review helpfulness base on the review rating being similar or different from the average 
rating of the product. One reason for that could be the product type, though the 
significant effect of review extremity on review helpfulness for experience goods like 
motion pictures (Lee & Choeh, 2018; Chen, 2016), it may not have the same effect on 
books. 
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6. Conclusion 
In this paper, I attempted to find out what features predict helpfulness of online 
customer reviews by analyzing online customer review data of books from Amazon.com. 
I collected features that may predict the review helpfulness by three categories of feature 
groups, and examined their effectiveness by creating models combining different feature 
groups. My findings bring some extensions to previous research on predicting review 
helpfulness based on online review factors. 
First, the helpfulness of online customer reviews for books are not affected by the 
readability of the review content. Thus, I found that there are no significant connections 
between the reviews’ helpfulness and the length (word count) of the reviews or 
readability features like the Automated Readability Index or the Coleman–Liau index.  
Second, my results indicate that reviewer information is most useful in predicting 
the review helpfulness, and reviews from reviewers who wrote reviews with higher 
average helpfulness scores are usually found to be more helpful as well. However, the 
number of total reviews by the reviewer is not a very useful predictor. In other words, the 
quantity of the reviews has no direct connection with the quality of the reviews. 
Reviewers should be encouraged to write reviews that are more helpful as perceived by 
other customers rather than simply focus on the amount of reviews.  
Third, I found that customers do not find review helpfulness related to the review 
rating or extremity for book reviews. Reviews can be helpful when they are positive or 
negative; the rating of the review will not affect how other customers perceive the
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helpfulness of their reviews, as long as they provide valuable information. The difference 
between the review rating and the average rating of the product does not influence how 
customers evaluate the reviews. Reviews are still considered helpful even if their ratings 
are not consistent with the majority.  
This research makes many contributions. I was able to analyze the factors from 
many aspects and their effects on the review helpfulness. The findings of the paper could 
be used to help online marketers improve the quality of the reviews and help customers in 
their online purchase decision making process. For example, by encouraging reviewers 
with higher helpfulness review histories to write more reviews, more helpful reviews will 
be available to better help other customers. Online marketers could rank the reviewers by 
their average review helpfulness instead of total number of reviews to provide more 
valuable contents for their customers. They could also use these features to quickly 
identify reviews that are more likely to be helpful and rank them higher comparing other 
reviews or the reviews published early but are less helpful.  
This research has several limitations. First, the dataset I used was collected from 
online customer reviews from Amazon.com; it is not clear if the result can be generalized 
to other online markets. Future research could extend the dataset and mix reviews from 
various online markets to examine the findings. Second, I only used book reviews and 
analyzed the predictive features of the review helpfulness, whether my findings can be 
applied to other product categories is not yet confirmed. To overcome the limitation, 
future studies could include more product categories that varies. For example, the dataset 
may include reviews on multiple product categories in terms of experience goods and 
search goods, and examine the effect of the feature groups. Third, the review helpfulness 
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is measured only the customers that vote whether the review helpful or not, customers 
who do not vote on their helpfulness are not included in the dataset, as Baek and Ahn 
(2012) pointed out. Future studies could use different research methods like surveys to 
collect data from all types of customers.
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